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Abstract

The last decade has seen an exponential rise in the number of
attention-based models for speech emotion recognition (SER).
Most of these models use a spectrogram as the input speech
representation and the CNN or RNN or convolutional RNN as
the key machine learning (ML) component, and learn feature
weights to implement attention. We propose an attention-based
model for SER that uses MFCC as the input speech representa-
tion and a variational RNN (VRNN) as the key ML component.
Since the MFCC is of lower dimension than a spectrogram, the
model is size- and data-efficient. The VRNN has been used
for problems in vision but rarely for SER. Our model is predic-
tive in nature. At each instant, it infers the emotion class and
generates the next observation, computes the generation error,
and selectively samples (attends to) the locations of high er-
ror. Thus, attention emerges in our model, and does not require
learning feature weights. This simple model provides interest-
ing insights when evaluated for SER on benchmark datasets.
The model can operate on variable length and infinite duration
audio files. This work is the first to explore simultaneous gener-
ation and recognition for SER, where the generation capability
is necessary for efficient recognition.

Index Terms: Speech emotion recognition, recognition by gen-
eration, variational RNN, MFCC, attention, active inference,
predictive coding.

1. Introduction

Manifestations of emotions are often involuntary. They convey
one’s true feelings, confidence, intentions, and expectations,
which are useful for social interaction. Speech contains lin-
guistic and paralinguistic content; both allow the conveyance of
emotions albeit in different ways. The recognition of emotion
from speech or speech emotion recognition (SER) has been an
active area of research in machine learning (ML) for decades,
contributing to technologies for human—machine interaction, in-
telligent tutoring, healthcare, and security.

This paper is concerned with SER without explicitly pro-
cessing or analyzing the linguistic content in the speech. A large
number of ML models have been proposed for this problem
(see [1-3] for reviews). Models incorporating attention mech-
anism often yield superior performance, though at the expense
of additional parameters. Attentional models for SER can be
largely categorized based on three aspects: speech representa-
tion used as input to the ML model, the key ML component in
the model, and the implementation of attention.

The input speech is often represented as a linear- or mel-
frequency spectrogram (e.g., [4-17]). A few studies have ex-
perimented with mel-frequency cepstral coefficients (MFCCs)
(e.g., [18]), low-level descriptors (e.g., [19]), or raw speech
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(e.g., [20]) as input. In [21], the authors investigated the impact
of four types of features on the performance of an attentional
convolutional neural network (CNN), namely (1) 26 log mel fil-
ter banks (logMel), (2) 13 MFCCs, (3) 25 low-level descriptors
(frequency- and energy-related parameters and spectral parame-
ters) constituting the extended Geneva minimalistic acoustic pa-
rameter set (eGeMAPS), and (4) a prosody feature set consist-
ing of PCM loudness, FO contour, envelope of FO contour, voic-
ing probability, local jitter, differential jitter, and local shim-
mer. From their experiments with the IEMOCAP database, it
was concluded that the model and training data (improvised vs.
scripted speech) are more impactful than the features.

Models for SER often involve the CNN (e.g., [5, 13, 14,
16-18, 21]), recurrent neural network (RNN) or long short-
term memory (LSTM) (e.g., [4,7-12,15,19]), or convolutional
RNN/LSTM (e.g., [6,20]). The variational autoencoder (VAE)
has been rarely used (e.g., [22]). Most models utilize feature-
level attention where the output of hidden layers are weighted.
Decision-level attention applies to multiple-instance learning
[23] where the prediction of the instances are weighted to obtain
the bag-level prediction. In both types of attention, the weights
are learned along with other parameters to optimize an objec-
tive. A CNN with feature-level attention significantly outper-
forms its decision-level counterpart on benchmark datasets [14].

Contributions. We propose an attention-based model for
SER that involves the MFCC and a VRNN. The MFCC is a
compressed representation of a lower dimension than a spec-
trogram, which allows the model to be size- and data-efficient.
The unique properties of the proposed model are as follows:
(1) At each instant, the model simultaneously infers the emotion
class and generates the observation (input MFCC vector corre-
sponding to the speech window) at the next instant. Training
a model by minimizing generation and classification errors in
conjunction leads to more stability and less overfitting due to
each error acting as a regularizer for the other [24].

(2) Attention emerges in our model due to prediction error. The
model selectively samples locations in the input MFCC vector
that contain unexpected observations. This saves the use of ad-
ditional parameters for attention.

(3) Our SER experiments using the RAVDESS and IEMOCAP
benchmark datasets show that the proposed end-to-end model
yields high classification accuracy by sampling a fraction of the
MEFCC vector for each window, in addition to providing insights
into the model design.

2. Models and Methods

2.1. Preliminaries

Generative model. Given a set of data points z, a generative
model Py, oder With parameters f maximizes the log-likelihood,
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L(z;0), of the data.
Evidence lower bound (ELBO). Let the data = be generated
by a latent continuous random variable z. Then, computing
the log-likelihood requires integrating the marginal likelihood,
J Pmodet(, z)dz, which is intractable [25]. In variational in-
ference, an approximation of the intractable posterior is opti-
mized by defining an evidence lower bound (ELBO) on the log-
likelihood, £(z; 0) < 1og pmodet(z; 0).
Variational autoencoder (VAE) is a multilayered generative
model. It assumes an isotropic Gaussian prior, pg(z), and i.i.d.
data samples. VAE maximizes the following ELBO [25]:
Eq(p(zm)[logpﬁ’(‘rlz)] - DKL[q¢(Z|$)7p9(Z)] (1)
where pg(z|z) and g¢e(z|z) are generative and recognition
models respectively, E denotes expectation, and D, denotes
Kullback-Leibler divergence. The first and second terms cap-
ture accuracy and complexity respectively. The negative of this
ELBO is also known as variational free energy, minimization
of which has been hypothesized as a general principle guiding
brain function [26].

2.2. Problem Statement

Let X = (X1, Xo,..., Xr) be a sequence of observable vari-
ables representing an environment, where 7" is the sequence
length. Let x<; = (z1,...,2¢) (1 <t <T) be a partial ob-
servation of X. Lety = (y1,...,yr), where y; represents the
true class label at time t. We define the prediction problem as
generating X and y as accurately as possible from the partial
observation X<;. At any time ¢, the objective is to maximize
the joint likelihood of X and y;, given X<, and a generative
model py with parameters 0, i.e., arg max p (Xit1, Ye|X<t).

2.3. Proposed Model

Our model comprises of four functions: environment, predic-
tion, action selection, and learning. See Fig. 1.

1. Environment. The environment is the source of sensory
data or observations. It is time-varying, consists of variable-
length utterances, and can be of infinite duration. Our model
interacts with the environment by selectively sampling observa-
tions at each time instant.

2. Prediction. The model predicts using a VRNN involving
two processes: recognition and generation.

Recognition (Encoder). The probabilistic encoder,
qo(z¢|x<¢), produces a Gaussian distribution over the possible
values of the code z; from which the given observations could
have been generated. An RNN with one layer of LSTM units
constitute the recognition model. The RNN generates the pa-
rameters for the approximate posterior distribution, gg (2¢|X<¢),
from the observations. The prior is sampled from a standard
normal distribution, pg(2¢) ~ N(0, 1), as in [27].

The function of the encoder is shown in Lines 1-3 in Al-
gorithm 2, where RN. ch represents the function of an LSTM
unit, "¢ is a function that returns the mean and the logarithm
of the standard deviation as a linear function of the hidden state,
as in [28].

Generation (Decoder). The decoder,
po(Xi41,Ye|X<t, 2<¢), generates the perceptual data and
the class label from the latent variables, z;, at each time step.
The generative model has two RNNs, each with one layer of
hidden LSTM units.

Each RNN generates the parameters of its data distribution.
The data is then sampled from this distribution. In our model,
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Figure 1: Flow diagram of the proposed model.

Xi41 is sampled from a multivariate Gaussian with mean and
variance generated by the corresponding decoder RNN, and
is sampled from a multivariate Bernoulli distribution with mean
generated by the corresponding decoder RNN.

The decoder equations are shown in Lines 4-8 of Algorithm
2, where functions RNN 2 and (% are the same as RN, o
and p°"“ respectively.

3. Action selection. In the proposed model, action selec-
tion amounts to deciding the binary weight (attention) given
to each location of the current observation. At any time ¢, a
saliency map S; is computed from which the action is deter-
mined. The saliency map assigns a salience score Sy ; to each
element [ of the input MFCC vector.

The weights are determined by thresholding the prediction
error. The threshold is statistically estimated on the fly and is
not predetermined.

St = [Xes1 — Xeqa] (0

Wi = 1, if Sy .2 L Stk 3)
0, otherwise

L1 =W O Xe1 + (1 —Wi) O XH—l “4)

where X¢11, XtH are the true and predicted data (MFCC vec-
tors) respectively, |.| denotes the absolute value, ® denotes el-
ementwise product, and n is the dimension of a MFCC vector.
Eq. 24 are written in compact form in Line 7 of Algorithm 1.

Due to the nature of the chosen threshold function, at least
one element of the MFCC vector will be salient and at least one
element will be non-salient at any time. Our experiments show
that variable number of salient features at each time step is more
effective. Fixing the number of salient features to a constant
occasionally leads to selection of features with low saliency or
overlooking features with high saliency. In the proposed model,
only the salient MFCC features are sampled. For the non-salient
features, the observation at time ¢ + 1 is the predicted observa-
tion from ¢.

4. Learning. The objective is to maximize the expression
in Eq. 5, which can be derived from the objectives for multi-
modal VAE [29], VRNN [28], and VAE for classification [30].

T
Eqd,(zST\xST) [Z A1 log po(Xi|z<e, X<t)
t=1
T

+ Az log po (yt| z<t, X<t)] - Z BDkL (qs(zt|x<t), po(2t))
t=1
©)

where A1, A2, 3 are the weights balancing the terms.



Algorithm 1 The proposed model

1: Initialize parameters of the generative model 6, recognition
model ¢, sequence length 7.

2: Initialize optimizer parameters: 51 = 0.9, f2 = 0.99,n =
0.001, ¢ = 107 '°.

3: Initialize Wy « 1 and z1 < (X1, Wo), where Wy are
the weights for the initial sampling, and the function i gen-
erates a sample x; from the environment X after assigning
weights Wy (ref. Action selection in Section 2.3).

4: while true do

5: for 7 <~ 1toT do

6: Xrt1,9r & Predict(z1.,)
Action execution (ref. Eq. 2-4)

7: Triy1 < F(XT+1, X-,—+1)
Learning

8: Update {6, ¢} by maximizing Eq. 5.

9: end for

10: end while

Algorithm 2 Predict(x1.-)

Recognition model (encoder)

1: hETLC <_ RJVN:STL(‘(Q: encl)
2 [pr s B7] = (A7)

3 2 %X ~ N (e, X7)

Generative model (decoder)
4: hdeer  RNNgee(hd=cl, z,)
5t [tta,r 3 Be,r] = 9™ (hEE)
6: XT+1 — Mo,

Classification model (decoder)
7: hez « RNNgZe¢(h%2, z,)
8: §r  softmax(h??)

3. Experimental Results
3.1. Datasets

We evaluate the model on two datasets: Ryerson Audio-Visual
Database of Emotional Speech and Song (RAVDESS), and In-
teractive Emotional Dyadic Motion Capture (IEMOCAP). We
split each dataset into 80% train and 20% test.

RAVDESS [31] is an audiovisual dataset of emotional
speech and songs. We consider the audio modality and the emo-
tional speech, as in other works (e.g., [15,17,18,20]). The con-
sidered data has 1440 audio files, vocalized by 24 professional
actors (12 female, 12 male). The speech includes neutral, calm,
happy, sad, angry, fearful, surprise, and disgust expressions.

The IEMOCAP is an acted, multimodal and multispeaker
database, collected at SAIL lab at USC in five sessions. We con-
sider the audio modality and the improvised speech data with
four emotions (happy, sad, anger, neutral), as in [15]. The con-
sidered data has 2280 audio files, vocalized by 10 speakers (5
female, 5 male). We perform five-fold cross-validation by con-
sidering each session as one fold, as in [15, 19].

3.2. Experimental setup

Data preprocessing: From each audio file, we extract win-
dows of 2 second duration, with 50% overlap. From each win-
dow, we extract 40 MFCCs using the Librosa library in Python.
Thus, the input to our model at any instant ¢ is a 40-dimensional
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Table 1: Weighted classification accuracy (%).

Data | Model (year) [ Feature [ WA |
Ours MEFCC 78.5
Ours w/o attn. | MFCC 79.9
RAV- [18] (2021) MFCC 77.8
DESS [32] (2019) Spectrogram 64.5
[16] (2020) Spectrogram 79.5!
[17] (2021) Spectrogram 80.0"
[33] (2020) Low-level features 72.0
Ours MFCC 65.5
Ours w/o attn. | MFCC 64.4
IEMO- | [15](2020) 1S09 + Mel 67.7
CAP spectrogram
[5] (2018) Spectrogram 704
[19] (2018) Low-level descriptors | 68.8
[21] (2017) logMel filterbanks 62.1

MFCC vector. An audio file comprises of a sequence of 7" such
vectors. Classification error is computed at the end of each au-
dio file. We ignore windows of duration less than 2 seconds.

Training details: For RAVDESS, the recognition, genera-
tion and classification models consist of 512, 256, 512 hidden
units respectively, and the latent variable dimension is 20. For
IEMOCAP, the three models consist of 64 hidden units each,
and the latent variable dimension is 10. These parameters are
estimated experimentally. 7" is variable as the audio files are of
different durations. We consider a minibatch size of 256. The
parameters 5 = 1, A1 = 1, A2 = 50 are fixed. The model is
learned end-to-end using backpropagation and RMSProp opti-
mization with a learning rate of 0.001. These hyperparameters
are estimated via cross-validation from the training set.

For RAVDESS, we use a dropout probability of 0.3 for
recognition and generation hidden layers, and 0.1 for classifi-
cation layer to prevent overfitting. For [IEMOCAP, we use 0.8
for all three layers. The KL-divergence term in the objective
function also acts as a regularizer [25] that prevents overfitting.

Ablation study: The utility of attention in our model is an-
alyzed using an ablation study. We create a model by eliminat-
ing attention (Line 7 in Algorithm 1) from the proposed model.
The VRNN is modified such that all locations in the observation
are sampled with equal weight at any time. Thus, the model al-
ways observes the entire true MFCC vector. For a fair compari-
son, the number of layers and neurons in each layer for this non-
attentional model is kept consistent with the original model.

Evaluation metrics: To evaluate recognition accuracy, we
use the common metric, weighted accuracy, as computed in
[18]." Efficiency of the model is evaluated in terms of the pro-
portion of MFCC vector sampled for prediction.

3.3. Evaluation results

Evaluation for accuracy: We compare the classification accu-
racy of our model with recent works that use similar experimen-
tal setup as ours (ref. Table 1). Accuracy of our model is compa-
rable to the state-of-the-art for RAVDESS dataset. Our model
yields higher accuracy when compared to the state-of-the-art
models using MFCC as features for RAVDESS. Accuracy of
our model is comparable to some of those reported for [IEMO-
CAP dataset. The number of parameters in our model is 22.6M

IComputation of unweighted accuracy in [16, 17] is similar to that
of weighted accuracy in [18].



Table 2: Percentage of MFCCs (total 40) deemed salient enough to be sampled by our model from the ground truth.

| Dataset | Neutral | Happy [ Sad [ Angry [ Fearful [ Disgust | Surprised | Calm | Average |
RAVDESS 65.8 66.1 62.5 61.3 63.1 61.6 68.5 61.5 63.8
IEMOCAP 47.1 44.7 44.2 449 - - - - 452

and 12.78M for RAVDESS and IEMOCAP respectively. The
latter appears to be much less than the model in [5], which re-
ported the state-of-the-art accuracy for IEMOCAP. Most works
in this area did not report the number of model parameters,
which makes fair comparison a challenge. Increasing our model
size does not increase accuracy by much.

Generation error guides the attention of our model, which
leads to efficiency by allowing selective sampling of the input
observation. Hence, generation capability is a necessity in our
model. The ablation study reveals that the classification accu-
racy of our model with and without attention are comparable,
for both datasets (ref. Table 1). This shows that the generation
and classification pathways do not interact adversely, and that
the dynamic threshold used to compute attention weights (ref.
Eq. 3) is a good choice to balance accuracy and efficiency.

Analysis of action selection: We visualize the similarity of
attention weights between emotion classes in Fig. 2. For each
emotion, the mean of weight vectors assigned to the MFCC vec-
tors is computed. This mean weight vector for an emotion cor-
responds to the expected attention to the different MFCC fea-
tures from the proposed model. The similarity of a pair of mean
weight vectors is computed as the absolute of their normalized
cosine similarity. For RAVDESS, ‘neutral’ is most similar to
‘calm’ and least to ‘surprised’. For [IEMOCAP, ‘neutral’ is most
similar to ‘sad’ and least to ‘angry’.

Happy sad Neutral

(b) IEMOCAP dataset

(a) RAVDESS dataset

Figure 2: These symmetric matrices show the similarity between
the (expected) attention for each pair of emotion classes.

Evaluation for efficiency: We compute the average (over
all audios for each emotion) proportion of input observation
(MFCC vector) sampled by our model at each time step (ref.
Table 2). On average, for any interaction, our model samples
63.8% and 45.2% of the observation for RAVDESS and IEMO-
CAP respectively. The highest sparsity is for ‘angry’ emotion
from RAVDESS and ‘sad’ emotion from IEMOCAP. The pro-
posed model samples its observations efficiently without com-
promising accuracy.

4. Discussion

Attention. The attention mechanism in our model differs from
most SER models from behavioral and algorithmic perspec-
tives. Typically, end-to-end attention-based models for SER
learn all parameters (including attention weights) by optimizing
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an objective function. In most of these models, attention is an
internal mechanism that does not have a corresponding behav-
ior. The attention parameters play a role similar to any other pa-
rameter in the model. In our model, attention is a parameterless
mechanism that emerges due to prediction error, which drives
action/behavior (ref. Eq. 2-4). This mechanism is interpretable
as the model simply attends to its unexpected observations.

From an algorithmic perspective, SER models utilize atten-
tion weights at a higher feature level (e.g., [4-9,11,12,17,21]),
or at multiple feature levels (e.g., [17,19]). Our model utilizes
attention at the input level only.

Many SER models compute attention weights from multi-
ple time steps (e.g., [4,6-8,11,12,19,21]). Such models need
to process the input sequence till the final time, which intro-
duces latency. Our model computes attention from the current
time only. It infers by processing the input till the current time,
which allows it to be efficient.

Speech representation. Even though the authors in [21]
downplayed the role of speech representation, we believe the
performance of our model can be improved by using a spec-
trogram instead of MFCCs. The spectrogram is less compact
and contains more information than MFCC. Hence, using the
spectrogram might increase the size and enhance the accuracy
of our model. Most SER models with state-of-the-art accuracy
use spectrogram.

ML component. VRNN-based models are known to per-
form well in computer vision applications (e.g., [34—36]). How-
ever, VRNNs have rarely been explored for SER. Our model
using VRNN yields encouraging results. Convolution has been
shown to be an effective operation for SER. Our model’s accu-
racy might be improved by using a convolutional VRNN.

Generation and classification are done jointly in very few
end-to-end ML models. The models reported in [29, 30] gener-
ate and classify handwritten numerals. Classification accuracy
is not reported in [29]. In [24], a sentiment analysis model was
proposed to generate and classify positive and negative reviews.
The model yields lower classification error by jointly minimiz-
ing classification and generation losses than that by minimizing
the former only. None of these models incorporate attention.
For the problem of SER, the proposed model is the first to ex-
plore simultaneous generation and recognition.

5. Conclusions

‘We propose an attention-based predictive model for SER, where
the key ML component is a VRNN. For efficiency, MFCC is
used as the input speech representation. This model is the first
to explore simultaneous generation and classification for SER.
Generation error guides the attention of the model, leading to
efficiency by selective sampling. The sampled observations are
used for classification. Hence, the model performs recognition
via generation. Our experiments using two benchmark datasets
reveal that the model yields high recognition accuracy without
compromising efficiency in terms of model size and sparsity of
sampled observations. Using spectrogram as speech represen-
tation and a convolutional VRNN as the ML component might
improve the accuracy but reduce the efficiency of this model.
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